Abstract. Treefall gaps are the major source of disturbance in most tropical forests. The frequency and size of these gaps have important implications for forest ecosystem processes as they can influence the functional trait distribution of tree communities, stand-level aboveground biomass and productivity. However, we still know little about the relative importance of environmental drivers of gap disturbance regimes because existing studies vary greatly in criteria used for defining gaps, in the spatial extent of the study area, and the spatial resolution of canopy height measurements. Here we use lidar (light detecting and ranging) to explore how forest age, topography and soil type affect canopy disturbance patterns across a 1500 ha tropical forest landscape in central Panama. We characterize disturbance based on the frequency distribution of gap sizes (the "gap size distribution"), and the area of the forest affected by gaps (the "gap area fraction"). We found that slope and forest age had significant effects on the gap size distribution, with a higher frequency of large gaps associated with old-growth forests and more gentle slopes. Slope and forest age had similar effects on the gap area fraction, however gap area fraction was also affected by soil type and by aspect. We conclude that variation in disturbance patterns across the landscape can be linked to factors that act at the fine scale (such as aspect or slope), and factors that show heterogeneity at coarser scales (such as forest age or soil type). Awareness of the role of different environmental factors influencing gap formation can help scale up the impacts of canopy disturbance on forest communities measured at the plot scale to landscape and regional scales.
Introduction
In most tropical forests, the main cause of disturbance is the creation of openings in the forest canopy when one or multiple trees fall (Swaine and Whitmore 1988) . However, comparisons across forests indicate that differences may exist in the area of the forest affected by gap disturbance (the "gap area fraction"), and in the frequency distribution of gap sizes (Fisher et al., 2008; Baker et al., 2005; Chambers et al., 2009; Foster et al., 2008; Lertzman et al., 1996) . Across forests the frequency distribution of gap sizes often follows a powerlaw probability distribution Fisher et al. 2008) , however the exponent of this relationship, λ, which is related to the ratio of small gaps to large gaps, often varies among forests (Kellner and Asner, 2009) .
As yet, the environmental factors that lead to variation in the gap area fraction and frequency distribution remain unclear. In part, this is because published studies vary in the criteria used for defining gaps (range 2-15 m minimum canopy height), in the spatial extent of the study area (0.5-100 ha), and in the sampling intensity and spatial resolution of canopy height measurements Marthews et al., 2008; Brokaw 1985; Lawton and Putz 1988; Chandrashekara and Ramakrishnan 1994; Jans et al., 1993; Ferreira de Lima et al., 2008; Kapos et al., 1990) . Consequently, we still know little about the relative importance of the environmental drivers of variation in canopy disturbance.
Developing an understanding of the processes that shape forest-wide disturbance regimes is important for three reasons. First, different gap disturbance patterns are likely to influence the functional trait distribution of the tree Published by Copernicus Publications on behalf of the European Geosciences Union.
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community, with a larger fraction of species adapted to higher light conditions in more disturbed forests. Gap disturbance may also affect forest diversity via the intermediate disturbance hypothesis, if higher disturbance frequencies permit the persistence of light-demanding tree and liana species that would otherwise be excluded from forests with lower rates of canopy turnover (Molino and Sabatier, 2001; Carson, 2001, Sheil and Burslem, 2003) .
Second, disturbance-related differences in functional trait composition are likely to influence stand-level aboveground biomass (AGB), either by affecting the relative frequency of fast-growing, light-demanding species, and therefore the stand-level mean wood specific gravity, or via a relationship between AGB and the stem size distribution (Chave et al., 2004 (Chave et al., , 2005 . In support of this view, AGB has been observed to increase from west to east across the Amazon basin in concert with decreasing rates of forest turnover (the mean of mortality and recruitment rates of trees in the stand), declining soil fertility, and increased wood-specific gravity (Quesada et al., 2012; Baraloto et al., 2011) .
Third, while measurements of forest turnover rate are labor intensive, and are restricted in scale to forest plots < 100 ha, measurements of canopy disturbance using remote sensing provide an indirect measure of turnover rate at much larger scales. Early detection of the effects of global change phenomena on rates of forest turnover, for example via more frequent drought-induced tree mortality (e.g., Phillips et al., 2010) , or more rapid growth, maturation, and mortality of trees under elevated CO 2 (e.g., Korner 2004) will require monitoring forest stands at much larger spatial scales than currently encompassed within plot networks.
In addition to problems arising from diverse criteria used to classify gaps, comparative studies also conflate effects of the external drivers to forest disturbance, e.g., storm frequency (Espirito-Santo et al., 2010) and rainfall regime (Foster and Brokaw, 1982) , with intrinsic environmental factors that may also influence the probability of treefall e.g., soil type (Vandermeer et al., 1994; VanderMeer and Bongers, 1996; Ashton and Hall, 1992) , topographic position (Poorter et al., 1994) , and forest age (Numata et al., 2006) . In this study, we provide the first analysis at the landscape scale of how forest age, topography and soil type influence gap disturbance patterns in a tropical forest. We combined existing data on soil type and forest age, with topographic and canopy height data measured using lidar (light detection and ranging) to map the location, size and shapes of canopy gaps across Barro Colorado Island (BCI), Panama.
We hypothesized that if an old-growth forest contains greater variance in tree sizes, including emergent trees that create particularly large gaps, then forest age would be the primary driver of variation in the gap size distribution. In contrast, we hypothesized that variation in soil type and topography would mostly influence the fraction of the landscape in gaps if soil depth and wind exposure influence the susceptibility of trees to windfall, rather than the size of the eventual gap formed. Understanding how these environmental factors influence gap formation will be critical to interpreting predicted changes in disturbance regimes and forest turnover rates resulting from global change.
Methods

Study site
The study was conducted at Barro Colorado Island (BCI), Panama (9 • 9 N, 79 • 51 W). BCI is a 1500 ha island covered with seasonally moist lowland tropical forest. Average annual rainfall is about 2600 mm, with a pronounced dry season between December and April. The western half of the island is old-growth tropical forest (Fig. 1) . The eastern half of the island is a mosaic of secondary forests 80-150 yr old, resulting from cutting and clearing during the late 1800s and the subsequent establishment of some small farm settlements (Foster and Brokaw, 1982) . All human disturbances other than those related to scientific research stopped in 1923, when Barro Colorado Island (BCI) was declared a reserve (Leigh, 1999) . The geology of BCI is comprised of three main formations (Baillie et al., 2006) : the Bohio formation, from the early Oligocene; the Caimito formation, from the late Oligocene; and the andesite cap, from the Oligocene and early Miocene. The topography of BCI is mostly characterized by relatively gentle slopes (80 % of the landscape has slope < 8 • ). Two permanent forest plots have been established on BCI; the 50 ha forest dynamics plot (Leigh, 1999 ) is located in old-growth forest on the andesite cap, and a 25 ha plot is located in secondary forest 100-120 yr old on the Bohio formation (Caillaud et al., 2010) .
The BCI forest is characterized by a relatively homogeneous disturbance regime, where occasional convective storms trigger blow-downs . As such, it is representative of large areas of low latitude tropical forest unaffected by cyclones. However, since BCI is an island, disturbance rates may differ at the lakeshore from the forest interior. Therefore a buffer was used to exclude gaps and edge effects within 20 m of the shore. Overall, most gaps on BCI occur during the wet season, when winds off the lake are light .
Canopy height and terrain data
Lidar data were acquired with an Optech ALTM Gemini system multi-pulse, scanning laser altimeter (BLOM Sistemas Geoespaciales SLU, Madrid, Spain). The number of returns ranged between 4 and 27 points per square meter. Point clouds were used to generate a Digital Terrain Model (DTM) and Digital Surface Model (DSM) with 1 m 2 pixels. Heights were calculated by subtracting elevations from these models. based on the known location of coordinates of the corners (with < 1 m positional error) (Mascaro et al., 2011) .
Variables of interest
Gap size
In this study, a gap was defined as all contiguous 1 m 2 quadrats with a canopy height ≤ 5 m. Based on this criterion, a canopy gap map was derived for the entire landscape. A 20 m buffer was applied to the shoreline, so that gaps closer than 20 m to the shore are not further included in the analyses. This was done to avoid misinterpreting indentations from the water into the land as gaps. Additionally, gaps with an area < 5 m 2 were excluded from the analyses, since they are likely to be of little relevance to tree recruitment and forest dynamics. The perimeter, area and geometric center of each gap was calculated. The 5 m threshold for canopy height was chosen to facilitate comparisons with existing ground surveys of forest gaps (Hubbell et al. 1999) , and it results in better correlations with recruitment patterns of gap-dependent species than does a lower height threshold of 2 m (Lobo, unpublished data) . A separate study of the effects of canopy height threshold values on gap disturbance metrics also indicates that the gap size distribution can be studied as a fractal with respect to canopy height (Lobo and Dalling, unpublished) . Gap areas were calculated by summing the area of contiguous 1 m 2 quadrats; here contiguous refers to adjacent quadrats that share a common edge. Quadrats that share a common corner were not considered contiguous.
Forest age
A map of forest age was created based on historical records (Enders, 1935) . This map originally contained five age classes that were converted to equivalent age classes by 2009, since no human activities other than those related to research occurred in that time interval. We simplified these age classes into two: old-growth forest (300-400 yr old; Brokaw and Foster, 1996) and old secondary forest (80 to 130 yr old; Fig. 1 ). Although there are several discrete patches within each age class, the old-growth forest area is mostly located on the eastern side of the island and the old secondary forest area on the western side. There are two small areas that are in permanently disturbed status: the 4.7 ha laboratory clearing, and a 0.8 ha lighthouse clearing; these areas were not included in our analyses. 
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Soil type
A map of soil type was created based on extensive soil surveys across the island (Baillie et al., 2006) . We used the four most common soil forms defined in Baillie's survey, namely brown fine loam, red light clay, pale swelling clay, and mottled heavy clay ( Fig. 1 ; Table 1 ). Soil type, rather than geomorphological unit, was used as a predictor variable in models as soils reflect underlying geology on BCI (Baillie et al., 2006) , and may be expected to influence tree fall via effects on soil texture, hydrology and fertility. We expect that topographic variables (slope and exposure) capture differences among geomorphological units.
Slope and aspect
Slope and aspect were calculated across the landscape with 1 m 2 spatial resolution from the DTM (Fig. 1 ). However, we recognize that both variables might affect gap creation probability and gap size at a coarser scale. We calculated slope and aspect at the 25, 100, and 400 m 2 scales from the vectorial sum of the slopes or aspects of all 1 m 2 pixels within a quadrat of the respective size.
Exposure
We calculated three different indices to measure topographic exposure to wind: topex-to-distance (Ruel et al., 2002) , 16topex-to-distance, and the visible area (Fig. 2) . The topex is calculated by summing the angles of elevation to the visible horizon from a given location in each of the eight cardinal directions. When using topex-to-distance, the distance to the horizon is limited; we used a maximum distance to the horizon of 1 km. To better capture the differences in exposure at areas with complex topography, we defined the 16topex-to-distance index by using 16 compass directions instead of 8 and then dividing the outcome by 2 to obtain comparable values. Finally, the visible area index was calculated under the assumption that areas with high visibility will have high exposure to wind and vice versa. The visible area is calculated as the total area visible from a location to the visible horizon in all cardinal directions. Since our forest landscape is located on an island, the forest is surrounded by a flat water surface that might have a different effect on trees from the rest of the terrain in terms of exposure to wind. Consequently, the visible area measure of exposure was further classified into exposure to the terrain and exposure to the lake, to assess whether either might have implications for gap creation.
Landscape gap model
Univariate analysis
In the first part of the analysis, we considered each explanatory variable independently, to assess its relationship at the landscape level to variation in the frequency distribution of gap sizes, and the gap area fraction. Different approaches were followed for the univariate analyses of categorical and continuous variables. For evaluating the categorical variables, forest age and soil type, the observed gap sizefrequency distribution and gap area fraction were calculated for the entire landscape, as well as for each of the primary and secondary forest areas and each of the soil types. Estimates of the standard error for the gap area fraction of each category were determined by calculating the gap area fraction of 100 randomly generated plots within each class; the area of each plot covered 10 % of the total area for that category. The gap-size distribution for every area was then fit to a power-law probability distribution. In a discrete power law with parameter λ, the probability for gap size k is given by
where
Lambda (λ) is related the ratio of small gaps to large gaps, and is used here as our metric for the size frequency distribution of gaps. Values of λ close to 1 indicate a relatively high frequency of large gaps; as the value of λ increases, the relative frequency of large gaps decreases. Maximum likelihood estimates (MLE) for λ were calculated by minimizing the negative log-likelihood function. We calculated standard errors for λ, based on the marginal likelihood I, so that
The 95 % confidence intervals were calculated for each estimate of λ, based on the standard error and a t distribution (Clark, 2007) . For each of the categories of forest age and soil type, when confidence intervals of two λ estimates were nonoverlapping we considered them to be significantly different. A generalized linear model (GLM) was used to evaluate the effect of the continuous variables slope, aspect, and wind exposure on the gap size distribution. The gap-size distribution was fit to a Pareto power-law probability distribution. In a Pareto power-law with parameter λ, the probability for gap size k is given by
where c is determined by
By combining Eqs. (5) and (6) we obtain
λ depends on the explanatory variable x through the model,
where b 0 and b 1 are the GLM parameters. The parameter estimates of the models were generated using a Markov Chain Monte Carlo (MCMC) approach. The MCMC procedure used 10 000 iterations and N-Metropolis for sampling (Hastings, 1970) .
Finally, the GLM and MCMC approach was also used to model the effects of the categorical variables on λ. In this case, a series of dummy variables were used to include all classes of each categorical variable in the model. This was done to assess whether the λ estimates calculated with MLE were consistent with the estimates of the GLM using MCMC for the estimation of the parameters. In the absence of an underlying probability distribution, an ordinary least squares (OLS) approach was used to model the effects of the quantitative variables on the gap area fraction. Analyses were conducted using SAS 9.1 (SAS Institute Inc., North Carolina).
Multivariate analysis
Following univariate analyses, a multivariate model was created for the gap size distribution using a Bayesian hierarchical framework, including those explanatory variables that had an effect on λ. Following the same approach used in the univariate analyses of quantitative variables, a GLM was used to model the dependency of λ on the multiple explanatory variables, and MCMC was used to estimate the model parameters. The deviance information criterion (DIC) was used to contrast models and DIC weights were used to assess which variables have the greatest contribution to the model. By using the DIC weights we were able to choose the model that had greatest explanatory power and lowest complexity. Finally, we evaluated the chosen model by using a rarefaction analysis in which the model was fit using only 10 % of the gaps; this process was repeated 1000 times, and values and standard errors of the parameters obtained compared to those of the full model. The analyses were conducted in R, using the package 'spatstat' (version 1.31-1). We 6774 E. Lobo and J. W. Dalling: Canopy gap disturbance in tropical forest Table 2 . Effect of forest age and soil type on the gap size distribution (λ), and the percent of plot area in gaps (Gap Area Fraction). Means and standard errors are calculated using MLE for λ and sub-sampling method for the gap area fraction. The confidence interval of λ appears in parentheses next to the mean. The percent of the landscape represented by each category appears is shown in last column. The landscape category comprises the entire island, excluding the shores and the laboratory clearing, with an area of 1484 ha. did not attempt a multivariate model for the gap area fraction as this is intrinsically an area-based metric. Thus, while a gap-based approach can be used to model λ, gap fraction must be calculated from sub-plots. For larger plot sizes that provide unbiased estimates of gap area fraction, the extent of the BCI landscape is insufficient to replicate all combinations of the explanatory variables.
Results
Explanatory variables
Forest age
We observed significant differences in the gap size-frequency distribution and gap area fraction between old-growth and old secondary forest (Table 2) , with a higher gap area fraction and a greater ratio of large gaps to small gaps in the old-growth forest. For instance, with a λ value of 1.98 we would expect to have 242 times as many gaps of 25 m 2 than gaps of 100 m 2 ; by contrast with a λ value of 2.11 we would expect to have 347 times as many gaps of 25 m 2 than gaps of 100 m 2 . Differences in the canopy height frequency distribution were also observed between old-growth and old secondary forest, with higher canopy heights and greater heterogeneity of heights in old-growth forest (Fig. 3a) . The two permanent forest plots (the 50 ha old-growth plot and the 25 ha secondary plot) had canopy height frequency distributions that were representative of old-growth and secondary forest areas. Nonetheless, the stem size distributions of canopy trees (dbh > 20 cm) were very similar for the two plots (median diameter of the secondary plot = 29 cm, oldgrowth plot = 30 cm).
Given the differences in the gap size-frequency distribution and gap area fraction between old-growth and old secondary forest, forest age was selected as an explanatory variable for the Bayesian hierarchical model that models the gap size-frequency distribution across the landscape. The λ values estimated through MLE were consistent with those estimated using MCMC under the GLM model for forest age.
Soil type
The gap size-frequency distribution and gap area fraction also differed significantly across the three most widespread soil types (Table 2) , with the pale swelling clay soil having the greatest area fraction and the greatest relative frequency of large gaps. Differences in the canopy height frequency distribution were also observed between the three soil types, with the pale swelling clay soil showing a height distribution shifted towards lower canopy heights (Fig. 3b) . Consequently, soil type was included as an explanatory variable in the Bayesian hierarchical model that models the gap size frequency distribution across the landscape. The λ values estimated through MLE were consistent with those estimated using MCMC under the GLM model for all soil types.
Slope
The frequency distribution of slopes was calculated at the 25, 100 and 400 m 2 scales (Fig. 4a, d, g ). Based on the MCMC estimates of parameters of the GLM model for λ, there was no consistent relationship between λ and slope at the 25 m 2 scale (Fig. 4b) , while at the 100 m 2 and 400 m 2 scales, λ linearly increased with slope (Fig. 4e, h ). The model with slope calculated at the 100 m 2 had the lowest DIC value; consequently, slope at the 100 m 2 scale was used as an explanatory variable in the Bayesian hierarchical model. The relationship between the gap area fraction and slope was also assessed. The gap area fraction decreased with slope following a power-law function at the 25, 100 and 400 m 2 scales (Fig. 4c, f, i) .
Aspect
The frequency distribution of aspect was uniform across BCI (Fig. 5a, d, g ). Based on the MCMC estimates for parameters of the GLM model for λ, there was no consistent relationship between λ and aspect at any of the spatial scales measured (Fig. 5b, e, h ). Consequently, aspect was not included in the Bayesian hierarchical model that models the gap size frequency distribution across the landscape. At the 25 and 100 m 2 scales, the gap area fraction appeared to follow a third order polynomial function (Fig. 5c, f) , with a maximum at aspect values of 120 (SE) and a minimum at 300 (W).
Exposure
The different indices of exposure used in this study had contrasting frequency distributions across the BCI landscape (Fig. 6 ). When measuring exposure using topex, the frequency distribution of exposures across the island followed a unimodal distribution that peaked at relatively low topex values, which would indicate higher exposures. Conversely, when measuring exposure using the total visible area index, the frequency distribution of exposures across the island followed a decreasing trend toward higher visible area values, which would indicate a greater frequency of low exposures. The terrain visible area and lake visible area indices were also analyzed but are not represented in Fig. 6 , as no consistent effects were observed. Based on the MCMC estimates for parameters of the GLM model for λ, there was no consistent relationship between λ and wind exposure using any of the exposure indices (topex-to-distance, 16topex-to-distance, total visible area, terrain visible area and lake visible area), so none of the indices were included in the Bayesian hierarchical model. The gap area fraction showed no relationship with exposure when using the topex index (Fig. 6c) , but was negatively related to the visible area index (Fig. 6f ).
Gap landscape model
To identify the most streamlined hierarchical model, a GLM was fit for each explanatory variable using a MCMC approach (Table 3) . A model including slope, forest age, and soil type had the lowest DIC weight, but was only one unit lower than the model including slope and forest age only. Consequently, we chose the latter model for its greater simplicity and similar predictive power. Subsequently, we proceeded with rarefaction analyses based on the chosen model. Fig. 3 . Differences in the frequency distribution of canopy height between (a) the primary and old-growth forest, and (b) among the three soil types. Fig. 3 . Differences in the frequency distribution of canopy height between (a) the primary and old-growth forest, and (b) among the three soil types. Table 3 . Hierarchical Bayesian model for the effect of slope, forest age and soil type on the gap size distribution (λ) showing means (and standard errors) of each parameter calculated using MCMC and the model deviance information criterion (DIC). For categorical variables the following values were used: old-growth forest = −1, old secondary forest = 1; brown fine loam = (−1,−1), pale swelling clay = (1,0), red light clay = (0,1). Rarefaction showed that the effects of slope and forest age were largely consistent with those obtained for the model based on the complete data set: slope always retained a significant effect on λ, while effects of forest age were not significant in all cases.
Discussion
Variation in gap disturbance is likely to be an important determinant of species composition, aboveground biomass (AGB) and net primary production in tropical forests (Molino, 2001; Fisher, 2008) . The gap disturbance pattern is commonly characterized by two parameters: the area of the forest affected by gap disturbance (the "gap area fraction"), and the frequency distribution of gap sizes. The gap area fraction quantifies the extent of gap disturbance over an area of forest, and is directly linked to AGB; i.e., an increase in the gap area fraction is expected to cause a decrease in AGB, assuming all other factors remain equal. The frequency distribution of gap sizes quantifies the relative frequency of gaps according to size. When the gap-size distribution follows a power-law probability distribution, the exponent λ is related to the ratio of small gaps to large gaps; as the value of λ increases, the relative frequency of large gaps decreases. Gaps of different sizes are known to have different probabilities of following particular successional pathways. Small gaps are more likely to be filled by growth from adjacent trees, resprouts from trees that survived gap formation, and seedlings of shade tolerant tree species (Whitmore, 1989) whereas large gaps are more likely to be colonized by pioneer trees or lianas (Hubbell et al., 1999; Schnitzer et al., 2000; Dalling et al., 2012) . Thus, changes in the gap-size distribution are expected to cause changes in the composition of the forest and AGB. Our analyses showed that different environmental factors have effects on the gap size distribution and the gap area fraction. When considering each environmental factor separately, slope, forest age, and soil type had significant effects on λ, while the gap area fraction was also influenced by aspect and exposure. The direction of the effects caused by some of these factors was contrary to our expectations; these effects are explored in greater detail in the sections below. 
Determinants of variation in the gap size distribution
When we considered each explanatory variable separately, we observed that forest age, soil type, and slope had significant effects on λ, and consequently the gap frequency distribution. The effect of forest age on λ agreed with our original prediction that the old-growth forest would have a greater relative frequency of large gaps. We interpret this as a consequence of the greater frequency of emergent trees and the greater heterogeneity of canopy heights in the old-growth vs. the secondary forest. When canopy heights are relatively homogeneous, there is a protective effect with respect to wind exposure from the canopy of neighboring trees; conversely, when the canopy heights of neighboring trees are very different, there may be greater chance of turbulent wind currents causing treefalls, as has been suggested to occur at forest edges and existing gaps (Poorter et al., 1994; Ferreira and Laurence, 1997) . Additionally, the greater abundance of lianas in the secondary forest (DeWalt et al., 2000) might partially account for the lower ratio of large gaps, since propagation of tree fall damage to nearby trees might be reduced by the supporting effect of liana tangles. It is worth noting that even though the secondary forest at BCI is 80-130 yr old, and has a similar distribution of tree diameters to the old-growth forest, the differences in the canopy height structure and gap disturbance metrics with the old-growth forest are still measurable. We did not anticipate the effects of slope and soil type on λ. The effect of slope on λ may seem counter-intuitive, since the greatest relative frequency of large gaps (smallest λ) is found at the lowest slopes. One possible explanation for such a pattern might be a link between slope and hydrology, because plateaus and ridges, which constitute over 40 % of BCI's landscape, have drier soils while steeper slopes retain more moisture during the dry season (Becker et al., 1988) . These hydrological properties have been linked to differential mortality rates during droughts on BCI (Condit et al., 1995) , with lower mortality rates on moister soils during droughts. Another potential explanation for the smaller gaps observed on slopes is that trees fall before they can get too big, limiting the size of gaps they create. However, canopy height on BCI increases with slope, while the observed pattern of smaller gaps at greater slopes is maintained. These results are most likely only applicable to the range of slopes found at the BCI, where 80 % of the landscape has slopes < 8 • . The results observed here may be reversed on steeper slopes, where storms that produce treefalls can also trigger landslides.
The multivariate approach in a hierarchical Bayesian framework used for modeling λ as a function of the forest age, soil type and slope showed that the greatest effect was -frequency distribution (a, d) , the frequency distribution of exposures (b, e) and the gap area fraction (c, f) calculated using two indices of exposure: topex (upper panels) and total visible area (lower panels). caused by slope, followed by forest age and marginally by soil type. The most streamlined model for λ included only slope and forest age. Furthermore, the rarefaction analyses of the model showed that the effect of slope was strong enough to remain significant even if only 10 % of the data were used, whereas this was not always the case for forest age. However, we should note there are some limitations for distinguishing the contributions of these factors as patches of different aged forest are not distributed evenly across soil types and topographies.
Determinants of variation in the gap area fraction
The different explanatory variables showed several unexpected effects on the gap area fraction. A greater gap area fraction was observed for the old-growth forest than the secondary forest, which, as with λ, could be caused by differences in the canopy height distribution. This result suggests that, in addition to forming larger treefall gaps, the more heterogeneous canopy height of old-growth forest may increase the risk of wind-related tree falls, or that larger gaps persist on the landscape for longer. Another potential contributing factor could be a higher proportion of old, senescent trees in old-growth than secondary forest. Effects attributed to forest age, however, may also result from differences in soil type, which unfortunately co-vary across the BCI landscape. In particular, the pale swelling clay soil type, which mostly underlays the old-growth forest, had a much higher gap area fraction than the other two.
In agreement with λ, the gap area fraction also declined with increasing slope following a power-law relationship. This is consistent with the results of Mascaro et al. (2010) , who found the greatest accumulation of AGB at BCI occurs on the steeper slopes, suggesting that AGB is constrained by the frequency of gap formation rather than differences in soil fertility. This result may be particular to the relatively gentle slopes found on BCI. Greater gap area fractions at higher slopes have been found for other sites. Poorter et al. (1994) found higher gap area fractions on the upper and middle slope than on the crest or lower slope.
The effects of aspect on the gap area fraction were also somewhat unexpected, with the maximum fraction occurring at a SE aspect. It is worth noting that the effect of aspect on the gap area fraction can only be observed at the 25 and 100 m 2 scales and disappears at the 400 m 2 scale; this might be an indication that the factors causing tree falls act at relatively fine scales, and thus require similarly fine-scaled studies in order to be detected. Finally, topographic exposure did not show an effect when measured with the more conventionally used topex index, and it showed an effect contrary to our expectations when using the visible area index, with the lowest gap area fractions occurring at the areas with greatest exposure; we can only conclude that this is not an appropriate index to measure wind exposure at BCI. BCI might present unusual complications for assessing topographic exposure, because once the shore of the island is reached, the landscape becomes a flat surface with no obstacles for wind. Thus, depending on the extent to which the lake is considered as part of the landscape, conventional calculations of exposure indices may either under or overestimate exposure. It seems likely our visible area index might have overestimated exposure near the shores and consequently caused an apparently decreasing gap area fraction with increasing wind exposure.
Conclusions
The diversity of effects on the metrics of gap disturbance shown here suggests that variation in disturbance patterns across the landscape is a result of multiple factors acting at the same time and in different ways. Our results also indicate that on BCI, slope plays a critical role in shaping the gap disturbance patterns across the landscape and we presume that this may be a general case in tropical landscapes with similar slope ranges. We expect that slope will also play an important role in sites with steeper slopes, but with opposing effects, as found by Poorter et al. (1994) . We also observed that forest age can have a lasting effect on disturbance patterns, even when the stem diameter distribution and basal area approaches that of old-growth forest. Finally, according to our results variation in disturbance patterns appears to be linked to factors that act at the fine scale (such as aspect or slope) as well as factors that show heterogeneity at coarser scales (such as forest age or soil type). Detection of alterations to forest disturbance regimes associated with global change will need to account for these landscape-level determinants of canopy gap formation.
